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Abstract 
In trading in currency markets, reducing the mean of absolute or squared errors of predicted values is not valuable unless it 
results in profits. A trading rule is a set of conditions that describe when to buy or sell a currency or to close a position, 
which can be used for automated trading. To optimize the rule to obtain a profit in the future, a probabilistic method such as 
a genetic algorithm (GA) or genetic programming (GP) is utilized, since the profit is a discrete and multimodal function 
with many parameters. Although the rules optimized by GA/GP reportedly obtain a profit in out-of-sample testing periods, 
it is hard to believe that they yield a profit in distant out-of-sample periods. In this paper, we first consider a framework 
where we optimize the parameters of the trading rule in an in-sample training period, and then execute trades according to 
the rule in its succeeding out-of-sample period. We experimentally show that the framework very often results in a profit. 
We then consider a framework in which we conduct optimization as above and then execute trades in distant out-of-sample 
periods. We empirically show that the results depend on the similarity of the trends in the training and testing periods. 
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1. Introduction 
The foreign exchange (FX) market is the largest financial market in the world [1]. Many individual traders, 
commercial banks, international companies, and government organizations invest in this market. However, it is 
very hard to predict exchange rates in this market because the FX rates are affected by many factors.  
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In fact, previous studies [2, 3] suggest that in terms of mean squared error a prediction based on the random 
walk hypothesis performs better than many proposed methods where the random walk hypothesis tells us that 
on average the exchange rate after a time step is the same as the current rate. Although the prediction of 
exchange rates is virtually impossible, as the authors of these studies suggest, it has been reported by [2] that 
some simple trading schemes resulted in profits, at least before the year 2000, in simulated trading using the 
historical data of exchange rates from before this date.   
 Even for data after the year 2000, studies [4, 5, 6] obtained profitable trading rules using genetic algorithms 
(GA) or genetic programming (GP). These good results, however, were not supported in repeated experiments. 
It is seen experimentally that the resultant GA/GP rules vary from time to time, possibly because profit is a 
discrete and multimodal function caused by the nature of the exchange rate’s rapid and random changes, and 
GA/GP probabilistically finds a relatively good solution.    
FX markets are highly volatile and seemingly random. For example, the average hourly difference in the US 
Dollar/Japanese Yen (USD/JPY) exchange rate in the year 2008 was -0.00065 Japanese Yen per US Dollar, 
and a standard deviation of 0.107; the minimum difference was -2.36, and the maximum was 2.62. The 
percentage of data lying outside 3 sd is 1.2%, which is larger than the 0.27% of the normal distribution. The 
correlation coefficient between the hourly difference and its one hour delay is -0.0129.  
For a trader to earn a profit in the FX market, he/she first buys a currency at a certain price and then sells it 
at a higher price, or sells it at a certain price and buys it back at a lower price. A trading rule is a rule that 
signals when to open a position and then when to close the position. The information that a trading rule uses 
may be endogenous, such as historical price data, or exogenous, such as bank rates, growth rate, and others, but 
is limited to historical data. We will focus only on endogenous data in this paper. If the market moves 
randomly, there is no trading rule for making a profit or a loss.  
It is generally believed that the weak efficient market hypothesis holds in the FX market. That is, exogenous 
information is instantly understood and the new price is shared among market participants, so that the 
remaining fluctuation of prices is random, i.e., quite simply, the market is random.  
However, some studies [4, 5] imply the possibility that the FX is an inefficient market. These studies 
generated rules that resulted in a profit by referring only to endogeneour historical data. The results were 
supported only by single set of experiments, and could be dependent on the trials since the methods used a 
random number generator.  
In fact, we found that rules generated by a GA model that used technical indicators as input yielded a profit 
in simulated trading using real FX market data. In the light of these mixed results, we decided to investigate 
whether experimental condition such as our design of chromosome and fitness function is robust enough to 
differences in timing and currency pairs. Since we hypothesized that the market infrastructure changes slowly, 
it might be possible that a trading rule trained on a certain period to yield a profit would be profitable in a 
consecutive period. Further, we hypothesized that the infrastructure would appear as a market trend that may 
recur several times in different time periods. We, therefore, conducted experiments where the learned trading 
rule was applied to a period distant from its training period. We then focused on the type of trends in a period. 
That is, we trained a trading rule in uptrend, downtrend, or no trend, and tested it in the same and different 
types of trend. 
Fig. 1 shows an example of the two types of movement. The AUD/USD rate from September 2008 to 
December 2008 moved mainly downwards (from 0.85 to 0.65) and the rate fluctuated between 0.85 and 0.95 
from September 2009 to May 2010. We would expect that a trading rule generated for a period when the trend 
was a one-direction movement could not be applied successfully to a period when the rate moves within a small 
range, and vice versa.   
In this paper, we report the results of the three experiments addressing problems explained above to test the 
robustness of our GA model. In previous studies [8, 9, 10, 11], the authors focused on applying their GA model 
to generate trading rules but not on its robustness. We should note, however, that we can focus only on the 
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robustness test of our designed model in the periods of these three experiments, and therefore can give 
assurance neither that other GA models have the same robustness test results, nor that similar results will be 
consistantly obtained in other testing periods. Nevertheless, our study could offer advice to other engineers or 
researchers to test the robustness if their model uses a GA model. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. An example of AUD/USD rate from Aug 8th 2008 to May 30th 2010(based on data from [7]) 
 
This paper is organized as follows: In Section 2 the background for this research is described. In Section 3, 
we describe our chromosomes’ design and the trading rules of the GA model. The details and the results of the 
experiments are given in Section 4. In Section 5, we conclude the paper and provide some directions for future 
studies. 
2. Background 
2.1. Terminology 
A complete transaction consists of the buying of one currency and selling of another at the same time. It 
should be noted that in this paper we focus on spot transactions. In a practical sense, a position is opened at the 
current rate and can then be closed at any time afterwards, at that time's rate. A long position is a situation 
where one purchases a currency at a certain price. A short position, the opposite of a long position, is a 
situation where one sells a currency at a certain price. In the foreign exchange market, a pair of currencies is 
always considered, not one currency alone. The first currency in a currency pair is called the base or transaction 
currency, and the second one, the counter or quote currency. A bid price is the rate at which the market maker 
(usually a bank) is ready to buy a currency (base currency) in a currency pair. This is the price at which a trader 
will sell. An ask price is the rate at which the market maker is ready to sell a currency (base currency) of a 
currency pair. This is the price at which a trader will buy. The difference between a bid and an ask price is 
called the spread. Market makers generally do not charge a fee for a transaction, and therefore the spread is 
their source of compensation. 
In the following, to facilitate our explanation, the spread is supposed to be zero and the price at a time is 
supposed to be the last trading price in deals just before that time.  
A technical indicator is a function defined by the prices of traded goods in the market; specifically in the FX 
market, it is defined by the exchange rate of a currency with another currency, for some given length of time in 
history. Some technical indicators can provide advice to traders as to whether a trend will continue, or whether 
a currency pair is oversold or overbought, and so on. There are many well-known overbought/oversold 
technical indicators, such as the relative strength index (RSI) [12], Larry Williams rule (Williams %R) [13], 
and BIAS, which are widely used in technical analysis to find whether a currency pair is oversold or 
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overbought. We formed a weighted sum of technical indicators and found a set of weights that would yield 
profit. 
In economics, robustness defines the ability of a financial trading system to remain effective under different 
markets and different market conditions [14]. In this research, we will test the robustness of trading rules 
generated by a GA model in the two most frequently traded FX markets in the world: USD/JPY and 
EUR/USD. 
2.2. Technical Indicators 
2.2.1 Simple Moving Average (SMA) 
The Simple Moving Average (SMA) is a simple mean value with identical weights used for past closing 
prices: 
 
ܵܯܣ௡ሺݐሻ ൌ 
෌ ܲݎ݅ܿ݁ሺ݇ሻ௧௞ୀ௧ି௡
݊  
 
(1) 
The technical indicator BIAS, which is described in 2.2.4, is based on the difference in the price and the 
SMA of the prices. 
2.2.2 Relative Strength Index (RSI) 
The relative strength index (RSI) for period n is defined as 
 ܴܵܫ௡ ൌ ͳͲͲ െ
ͳͲͲ
ͳ ൅ ܴܵ௡ 
 
(2) 
 
where RS is the “Average Gain” divided by “Average Loss,” “Average Gain” is the “sum of the gains over the 
past n periods” divided by n, and the “Average Loss” is the “sum of the losses over the past n periods” divided 
by n. 
Traditionally, an RSI value below 30 has been considered to indicate that the currency has been oversold; 
while if it is higher than 70, it has been considered to indicate that the currency has been overbought. RSI is a 
signal to a trader to buy when the currency is oversold and to sell when it is overbought.  However, if the rate 
jumps or drops very fast in the FX market, we cannot base our trade simply on the rule of “buy when RSI value 
is very low and sell when RSI value is very high”, otherwise we may make a loss, since in this case, the value 
of RSI could become extremely high or low.  
2.2.3 William %R  
The William %R technical indicator, which was developed by Larry Williams, shows the current closing 
price in relation to the high and low of the past N periods. It is defined as 
 Ψܴ ൌ ܲݎ݅ܿ݁ሺݐሻ െ ݄݄݅݃ே௣௘௥௜௢ௗ௦݄݄݅݃ே௣௘௥௜௢ௗ௦ െ ݈݋ݓே௣௘௥௜௢ௗ௦ ൈ ͳͲͲ 
 
(3) 
The value of this indicator is on a negative scale the range of which is from -100 (lowest value) to 0 (highest 
value). Usually the base currency of the pair is considered to be oversold when the value of %R is lower than -
80, while if it is higher than -20, the base currency of the pair is considered to be overbought. Parameter N of 
this indicator and the levels for overbought and oversold can also be set by the traders. 
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2.2.4 BIAS 
BIAS is used to examine observe the difference between the closing price and its moving average line. The 
n-periods BIAS is defined as: 
 ܤܫܣܵ௡ሺݐሻ ൌ
ܲݎ݅ܿ݁ሺݐሻ െ ܵܯܣ௡ሺݐሻ
ܵܯܣ௡ሺݐሻ  
 
(4) 
 
where ܵܯܣ௡ሺݐሻ is the SMA of a rate at time t for n periods and  ܲݎ݅ܿ݁ሺݐሻ is the closing price at time t. 
 
This index indicates to what extent the current exchange rate differs from the moving average of the rates. 
Usually, when its value is lower than -10%, the currency pair is considered to be oversold, and when it is 
higher than +10%, the currency pair is considered to be overbought. The parameter n of the BIAS indicator and 
the levels for overbought and oversold can be set by the traders. 
2.3. Genetic Algorithm (GA) 
Steps 1 to 6 show the procedures of the GA, which are based on Goldberg [15]; however, we designed the 
chromosome (which is shown in Table 1) for this study. 
 
Step 1: Initialization 
This step generates the initial population. 
Step 2: Evaluation 
After the initialization step, each chromosome is evaluated using a fitness function.  
Step 3: Selection 
Selection is a process in which the chromosomes from the parents’ populations that are suitable for the next 
generation are chosen. In this step, our model adopts tournament selection. This step is repeated until the 
number of chromosomes selected is equal to the number of the population. In order to ensure the propagation 
of the elite chromosomes, the GA model uses the elitism mechanism. This mechanism selects P% individuals 
that have the relatively best fitness values, to be the offspring of the next generation, while the remaining 
individuals go through the genetic operations. 
Step 4: Crossover and Mutation 
Crossover operates by swapping corresponding segments of a string representation of the parents and 
extends the search for a new solution. Mutation is a genetic mechanism. It randomly chooses a member of the 
population and changes one randomly chosen bit in its bit string representation.  
Step 5: Evaluation 
Each chromosome is evaluated using the designed fitness function, which will be described in section 3.  
Step 6: Check termination criteria 
After the previous steps, the processes from Steps 2 to 5 are repeated until the termination criteria are 
satisfied. The proposed algorithm is terminated if the maximum number of generations is achieved, or the 
solution with the highest fitness has not been changed for the present generation. 
2.4. Evaluation Measures 
To evaluate of our results for our robustness test, we use Win Ratio and Hit Ratio, which are defined as 
 ܹ݅݊ܴܽݐ݅݋ ൌ ܣܣ ൅ ܤ 
 
(5) 
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 ܪ݅ݐܴܽݐ݅݋ ൌ ܣ ൅ ܦܣ ൅ ܤ ൅ ܥ ൅ ܦ 
 
(6) 
 
A: The number of times among 100 when a profit was made in both the GA training and testing periods. 
B: The number of times among 100 when a profit was made in the GA training period, but not in the testing 
period. 
C: The number of times among 100 when a loss was incurred in both the training and testing periods. 
D: The number of times among 100 when a loss was incurred in the training period, but not in the testing 
period. 
3. Design for GA trading model 
In the GA training step, we set the population size to 100 and the maximum number of generations to 100. 
We initialized these individuals with random chromosomes following the gene structure in Table 1. In order to 
keep high fitness individuals, the elite 10% (the top 10% of individuals in terms of fitness) are reserved 
automatically at every generation. The fitness value (fitness function) is the accumulated profit during the 
training period. 
 
Table 1. Chromosome design of the GA model 
 
No Length Value Range Meaning 
1 1 bit 0 or 1 Operator 1 
2 1 bit 0 or 1 Operator 2 
3 5 bits 2 to 32  Parameter of RSI for buying 
4 5 bits 2 to 32 Parameter of William %R for buying 
5 5 bits 2 to 32 Parameter of BIAS for buying 
6 5 bits 0 to 100 Upper bound for RSI, for buying 
7 5 bits 0 to 100 Lower bound for RSI, for buying 
8 5 bits -100 to 0 Upper bound for William %R, for buying 
9 5 bits -100 to 0 Lower bound for William %R, for buying 
10 5 bits -0.2 to 0.2 Upper bound for BIAS, for buying 
11 5 bits -0.2 to 0.2 Lower bound for BIAS, for buying 
12 5 bits 1%  to 10% Profit cashing percentage for buying 
13 5 bits 1% to 10% Loss cutting percentage for buying 
14 5 bits 1 to 32 Buying leverage 
15 to 26 Overall 60 bits  Similar to No.3 to No.14 , for selling 
 
Table 2 shows the trading rules for buying, selling and holding. When the signal from the three indicators 
satisfies the buying condition, we buy the base currency of the pair with the buying leverage; we sell the base 
currency of the pair when the selling condition is satisfied.   
In addition, if neither the buy nor the sell signal is given, we close the position and wait for the trading signal 
of the next time point. The time interval for position holding is 2 hours, i.e., we check the conditions every two 
hours, and the data we used is 2-hour USDJPY. We will simply close the transaction two hours after we make a 
transaction (buy or sell). In Table 1 and hereafter, L_B_RSI denotes the lower bound of RSI and U_B_RSI 
denotes the upper bound of RSI.  
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Table 2. Conditional expression of trading signal for buying and selling 
 
Signal Trading Condition 
Buy (L_B_RSI<RSI_B< U_B_RSI ) Operator-1(L_B_BIAS <BIAS_B< U_B_BIAS) Operator-2 (L_B_WPR <WPR_B< U_B_WPR) 
Sell (L_S_RSI<RSI_S< U_S_RSI ) Operator-1(L_S_BIAS <BIAS_S< U_S_BIAS) Operator-2 (L_S_WPR <WPR_S< U_S_WPR) 
Hold If the buy condition and sell condition are satisfied at the same time, or neither condition is satisfied, we hold and do nothing. 
 
For the trading rules in Table 2, we design the chromosomes for our GA model. The details are shown in 
Table 1. 
 
The representations of the genes are as follows: 
1) The first two groups (2 bits, each 1 bit) represent operator-1 and operator-2 for buying in the trading rules. 
The gene “0” means operator “||” (or) and “1” means operator “&&” (and). 
2) Numbers 3 to 5 (15 bits) are used for the parameters n of RSI, WPR and BIAS. The value ranges from 2 to 
32. 
3) Numbers 6 to 11 (30 bits) represent the upper bound and lower bound of RSI, William %R and BIAS for 
buying. The range for each bound is shown in Table 2. This GA model design has one constraint: the upper 
bound must be greater than the lower bound. 
4) Numbers 12 and 13 (10 bits) represent the level of take profit and stop loss in terms of the ratio to the 
current rate. The ranges for the level of take profit and stop loss are from 1% to 10%. We use the take 
profit and stop loss orders for controlling the risk when a fast change occurs in our target FX market. 
5) Numbers 14 (5 bits) represents the buying leverage. The value ranges from 1 to 32. 
6) Numbers 15 to 26 are for selling signal; they are similar to Numbers 3 to 14. 
4. Experiments in detail and results 
4.1. Data 
The exchange rates for our study were obtained from Forexite. The original historical 1-min frame data of 
frequently traded currency pairs can be downloaded without payment from the website [16] and innumerable 
practitioners have used these data. Since in this study we applied the trading rules on USD/JPY and EUR/USD 
(the two most traded currency pairs in the FX market), we transformed Forexite 1-minute data for USD/JPY 
and EUR/USD into 2-hour (time horizon) data of the year 2008. In addition, we also calculated the indicators at 
each time point. 
4.2. Experiment 1 
Due to the random initialization, random mutation and crossover of chromosomes during the process of the 
GA model, the results can be different at each time of training and testing. Therefore, in the first experiment, 
we trained rules in training period A and tested the trading rules in testing period B, as shown in Table 3, and 
repeated the training and testing one hundred times.  
Tables 4 and 5 show the hit ratio and win ratio results of experiment 1 for USD/JPY and EUR/USD 
respectively. 
For USD/JPY, although the number of times that the GA model obtained a profit in the testing period (hit 
ratio) constitute only 22%, 48%, 42% and 45% of the overall trials in each experiment, if we apply the trading 
rule in the testing period only when it obtained a profit in the training periods, the win ratio for the trades is 
about 60.60%, 76.92%, 60.37% and 67.85%, repsectively. For EUR/USD, qualitatively the same is true with 
better win ratio. In other words, if we trade in the testing period following the trading rule if it yielded profit in 
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the training period and do nothing if it did not yield profit in the training period, we had good chance of getting 
profit. In fact the average profit under the policy is 0.48% and 0.61% per unit of quote currency.  
 
Table 3. Training and testing period and repeating times for experiment 1 (for USD/JPY and EUR/USD) 
 
No Training period A Testing period B Number of repetitions 
1 Jan-7th  to March-8th  March-9th  to May-9th  100 
2 March-9th to May-11st  May-12nd to July-9th  100 
3 May-12th to July-9th  July-10th to September-9th  100 
4 July-10th to September-9th  September-10th to November-9th   100 
 
Table 4. Results of Experiment 1 for USD/JPY 
 
Experiment for USD/JPY Hit Ratio Win Ratio 
No.1  22% 60.60% 
No.2 48% 76.92% 
No.3 42% 60.37% 
No.4 45% 67.85% 
 
Table 5. Results of Experiment 1 for EUR/USD 
 
Experiment for USD/JPY Hit Ratio Win Ratio 
No.1  60% 76.47% 
No.2 48% 73.68% 
No.3 45% 71.42% 
No.4 38% 73.52% 
 
The dynamics of the FX market may change significantly from one period to another. Therefore, the trading 
rules generated by GA in one period may yield a profit in the following period (as the results of experiment 1 
show), but may not be applicable after a long time. To examine how long the trading rule that was profitable in 
one period remains profitable, in experiment 2 we trained our designed GA model on period A and tested it in 
the following periods B, C, and D. We repeated the experiments 100 times. The details of the training and 
testing period are shown in Table 6. Tables 7 and 8 show the results of experiment 2 for USD/JPY and 
EUR/USD. 
For USD/JPY, the fact that  the result of A-B is better than that of A-C may imply that the dynamics of the 
exchange rates in period B is more similar to A than to C. Since the value 38% is less than 50%, we thought 
that period A is not similar to period B, contrary to our expectation based on the fact that both have movement 
in a small range. In fact, close look at the periods revealed that period A consists of a movement in a small 
range and a sharp delcine but period B consists of a sharp decline and a uptrend. Period B is closer to Period A 
than to period D, but the win ratio for Period D is much better than that for Period B, which indicates the 
dynamics may have changed rapidly from Period B to C and from Period C to D.  
For EUR/USD, the fact that A-B obtained a much higher win ratio than the others implies that period B is 
more similar to A than to C and D. In addition, the fact that the win ratio of A-C is the lowest among the three 
may indicate that the dynamics changed rapidly from period B to C. Moreover, that the win ratio of all three 
testing periods is better than 50% implies that this GA model is more robust to some degree for EUR/USD (2-
hours time horizon) than for USD/JPY(2-hours time horizon). 
Comparing the above results we conclude that the profitability in a testing period of rules trained in a 
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training period is not related to the time difference or distance between the training and the testing period. 
 
Table 6. Training period and testing period ( for USD/JPY and EUR/USD) 
 
Training and testing periods Period 
Training period A Jan-7th to Feb-7th 
Testing period B Feb-8th to March-7th 
Testing period C March-9th to April-9th 
Testing period D April-10th to May-10th  
 
 
Table 7. Results of Experiment 2 for USD/JPY 
 
Training-Testing  A-B A-C A-D 
Win Ratio 38% 30% 66% 
Hit Ratio 19% 15% 33% 
 
 
Table 8. Results of Experiment 2 for EUR/USD 
 
Training-Testing  A-B A-C A-D 
Win Ratio 78.26% 53.33% 61.53% 
Hit Ratio 56% 42% 52% 
4.3. Experiment 3 
According to the results of experiment 2 we decided that we searched further for the situations when 
robustness exists other than just distance or nearness of training and testing periods. 
In the FX market, every period (whether long or short) consists of movements of mixed types. One type of 
movement is “movement in a small range,” the other is “movement with a trend where the trend may be long or 
short.” In fact, we can easily and intuitively see that at one time the exchange rate moves mainly in a small 
range, and at the next time it moves mainly in one direction (down or up). In this paper, since we adopted 
overbought/oversold indicators in trading rules, we would expect that the trading rules generated are strong for 
“movement mainly with a trend” but are weak for “movement mainly in a small range”.  
Therefore, we purposefully select four periods referred to as A, B, C, and D in the following (for USD/JPY 
2-hour and EURUSD 2-hour). Their properties are shown in Tables 9 and 10, and Fig. 2 and Fig. 3. Each 
period is used for both training and testing where the test is an out-of-sample test. We repeated the same 
experiments 100 times with different random seeds 
 
Table 9. The training and testing periodx A-D selected for experiment 3 (USD/JPY) 
 
Period Time Interval Property 
Period A Jan-14th  to Feb-18th movement in a relatively small range (105.18 to 108.64) 
Period B April-28th to June-2nd movement in a relatively small range (102.82 to 105.67) 
Period C July-11th to August-15th mainly an up trend (103.85 to 110.55) 
Period D September-25th to October-30th mainly a down trend (106.77 to 92.40) 
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Fig. 2. The exchange rates USD/JPY for January to December 2008 that were used for Experiment 3 
 
 
Fig. 3. The exchange rates of EUR/USD for January to December 2008 that are used for experiment 3 
 
Table 10. The training and testing period A-D selected for experiment 3 (EUR/USD) 
 
Period Time Interval Property 
Period A April-3rd  to May-15th  movement in a relatively small range (1.5637  to 1.5476 ) 
Period B June-16th to July-30th  movement in a relatively small range (1.5391 to 1.5575) 
Period C September-22nd to October-23rd  mainly a down trend (1.4488 to 1.2785) 
Period D November-27th to December-18th  mainly an up trend (1.2916 to 1.4281) 
 
Table 11 shows the win ratio results of experiment 3 for USD/JPY. Table 12 shows the win ratio results of 
experiment 3 for EUR/USD. 
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Table 11. Win Ratio results of experiment 3 for USD/JPY 
 
Training\Testing A B C D 
A / 87.87% 72.72% 0% 
B 64.81% / 79.62% 1.85% 
C 22.22% 64.81% / 98.14% 
D 28.57% 42.85% 28.57% / 
 
Table 12. Win Ratio results of experiment 3 for EUR/USD 
 
Training\Testing A B C D 
A / 72.22% 58.82% 36.36% 
B 80.76% / 63.63% 33.33% 
C 53.84% 56.52% / 28.57% 
D 36.82% 35.71% 37.50% / 
 
First, we expected that the trading rules generated for a period should be able to yield a profit in a period of 
the same type. For USD/JPY, the exchange rate in both period A and B moves in a relatively small range, and 
as shown in Table 11, we find the win ratio of A-B (training-testing) is 87.87% and B-A is 64.81%, which are 
high and therefore support our expectation. For EUR/USD the same conclusion is drawn because in Table 12 
the win ratio of A-B is 72.22% and B-A is 80.76%Ǆ 
Second, for USD/JPY, the win ratio for the training-testing periods that include period D (except C-D) is 
very low, since the win ratios for A-D (0%), B-D (1.85%), D-A (28.57%), D-B (42.85%), and D-C (28.57%) 
are very low or low. The reason could be that the movements in period D are quite different from those in 
periods A, B and C. We can also find that the win ratio for C-D is 98.14% but for D-C is only 28.57%. The 
reason could be that period C also includes some movements or dynamics that are similar to those in period D, 
but period D does not include enough dynamics that are similar to those in period C. For EUR/USD, similar 
results are found in Table 12 the win ratios concerning  period C (except B-C) or period D are not high. 
Different from the win ratio for C-D of USD/JPY, win ratio for C-D of EUR/USD is also low (28.57%), the 
reason could be that period C and period D do not share similar dynamics. 
Third, for USD/JPY, we found that the win ratio results for the trading rules generated from periods A and B 
are good (except A-D and B-D), since the minimum win ratio for A-B, A-C, B-A and B-C is 64.81%. The 
reason could be that, although in periods A and B the exchange rate moves mainly in a small range, these 
periods still contain many kinds of movement, such as shorter-term up trend and shorter-term down trend, as 
well as the movement in a smaller range, as we can see if we examine the details of movements in these 
periods. For this reason, the trading rules from different types of period could also be applicable in others (such 
as B-C and C-B). The reason that the win ratios for A-D and B-D are small may be attributed to sharp declines 
and rises of exchange rates in the period. For EUR/USD qualitatively similar conclusion is drawn. 
Combining the above arguments, we conclude that a trading rules trained in a period is profitable with 
realtively high probability in periods which are similar in trends but is mixed in periods which are different in 
trends. 
5. Discussions and future works 
In this paper, we reported an empirical study on whether a trading rule trained by GA is robust to difference 
of timing and target currency pairs, thereby examining if an FX market is weak efficient. We designed the 
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chromosomes of the GA model for the optimization of trading rules based on three well-known 
overbought/oversold technical indicators. We trained the rules in a period and then tested whether they are still 
profitable in out-of-sample test periods that are consecutive to or distant from the training period, or in which 
the trend of exchange rate movement is similar or different.  
From the results of experiment 1, we found that our designed GA model is robust to different timing, 
although the testing period is restricted to be consecutive to training period, and different currency pairs since it 
achieved win ratios at least 60.37% (for USD/JPY) and 71.42% (for EUR/USD) in the out-of-sample testing 
period for trading. The results of experiment 2 seem to be inconsistent with those of experiment 1. But the 
inconsistency is just for a period pair A-B for USD/JPY. This may be explained by the results of experiment 3, 
i.e., period B may have different dynamics with period A for USD/JPY. The other results of experiment 2 show 
that the robustness is unclear if the training and testing period are apart. Experiment 3 shows that the robustness 
exists when the type of trends in training period is the same as the type of trends in testing period. The 
existence of the robustness implies that the weak efficiency hypothesis may not hold in FX market. 
We found a problem, exemplified by the trading results for the training and testing periods that included 
period D (of USD/JPY), in that the behaviour is quite unexpected. To apply our method to real trading, we need 
to avoid generating trading rules from such a period as D, that is, applying trading rules generated on a period 
that consists of a simple trend, in order not to obtain a loss easily. 
Moreover, traders would like to use not only one time interval to examine the movement of markets, but also 
longer and shorter time intervals (for example, not only a 2-hour interval but also 1-hour or 4-hour intervals). 
Therefore, in our future research, we would like to generate trading rules not only from the data of the target 
trading time interval (in this study, 2-hour data) but also from multiple time interval data since, even for the 
same trading indicator and parameters, if we examine data at different time intervals, the trading signal may 
completely different (for example, the RSI values obtained from 1-hour data and 4-hour data may differ). 
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